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Abstract This paper introduces some coxllcepts and definitions about frequent patterns in data streams, and presents
the general data streams processing model for mining frequent patterns in data streams, and detailedly sums up three
classifications of the algorithms on mining frequent patterns in data streams, including Window Model, the Type of Re-
sult Set and the Accuracy of Result Set. Based on these classifications, the cube for designing algorithm on mining fre-
quent patterns in data streams is presented. The cube not only covers the exiting algorithms, but also allows for the de-
sign of new ones suited for various application requirements. Based on the cube, we analyse some valid strategies for

designing the algorithm, aiming at presenting a powerful reference for designing new ones, Lastly, we discuss some fu-

ture research works about mining frequent patterns in data streams.
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